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GRAPHICAL ABSTRACT

Machine learning-assisted diagnosis classification of primary immune dysregulation
using IDDA2.1 phenotype profiling
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IDDA, graded 21-parameters-based immune deficiency and dysregulation activity score; ESID, European Society for
Immunodeficiencies; IEI/PID, inborn error of immunity / primary immune disorder; ML, machine learning; UMAP,
uniform manifold approximation and projection for dimension reduction; ALPS, autoimmune lymphoproliferative
syndrome; APDS1, activated PI3 kinase delta syndrome type 1; HIES, hyper IgE syndrome; DGS, DiGeorge syndrome

Capsule summary: Phenotype profiles of 825 patients with inborn errors of immunity/primary immunodeficiency (IEl/
PID) with a focus on immunodysregulation were collected in a European Society for Immunodeficiencies registry study
for machine learning-assisted disease classification. Random forest analyses ranked feature importances, and uniform
manifold approximation and projection allowed clustering of patients reflecting their IEI/PID.
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classification of primary immune dysregulation
using IDDA2.1 phenotype profiling
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Diether Kramer, PhD,? and Markus G. Seidel, MD?

Background: Immune dysregulation, including autoimmunity,
autoinflammation, allergy, and malignancy predisposition, adds
significant disease burden in primary immune disorders (PID)
and inborn errors of immunity (IEIs).

Objective: We evaluated whether the 5-graded immune
deficiency and dysregulation activity (IDDA2.1) score,
encompassing 21 organ involvement and disease burden
parameters, supports diagnosis across a wide spectrum of IEIs.
Methods: From April 2022 to November 2024, collaborators
from 84 centers collected 1,043 IDDA score datasets from 825
patients across 89 IEIs (17 disorders with >10 patients each;
range, 1-196 per IEI), including 177 scores from 141 treated
patients. Supervised machine learning models (k-nearest
neighbors, support vector machine, logistic regression, random
forest) classified patients into disease groups and ranked
corresponding predictive features, while unsupervised uniform
manifold approximation and projection (UMAP) visualized
disease-specific clustering.

Results: Feature analysis reflected clinicians’ recognition of IEI
patterns and confirmed internal IDDA score consistency.
Phenotype profiles in treated patients remained informative,
inversely reflecting anticipated treatment-dependent phenotype
amelioration. UMAP effectively distinguished IEIs by IDDA2.1

From “the Styrian Children’s Cancer Research Unit for Cancer and Inborn Errors of the
Blood and Immunity in Children, Division of Pediatric Hematology and Oncology,
Department of Pediatric and Adolescent Medicine, Medical University of Graz,
Graz; “the Styrian Hospital Association (KAGes), Directorate for Technology and
IT, IT Management Team, Graz; “the Autonomous Aerial Systems, School of Engi-
neering and Design, Technical University of Munich, Munich; and “the Institute for
Immunodeficiency, Center for Chronic Immunodeficiency, “the Centre for Biobanking
FREEZE, Medical Center, and ‘the Treuhandstelle, Trusted Third Party, Faculty of
Medicine, Medical Center, University of Freiburg, Faculty of Medicine, University
of Freiburg, Freiburg.

*Members of the European Society for Immunodeficiencies Registry Working Party are
listed in the Acknowledgments.

The first 3 authors contributed equally to this article, and all should be considered first
author.

This article is part of a special issue entitled: Artificial Intelligence (AI) in Allergy/
Immunology published in the Journal of Allergy and Clinical Immunology.

Received for publication April 17, 2025; revised October 6, 2025; accepted for publica-
tion October 10, 2025.

Available online November 5, 2025.

Corresponding authors: Markus G. Seidel, MD, Division of Pediatric Hematology and
Oncology, Medical University of Graz, Auenbruggerplatz 38, 8036 Graz, Austria.
E-mail: markus.seidel @medunigraz.at. Or: Sai Pavan Kumar Veeranki, DDI, Styrian
Hospital Association (KAGes), Directorate for Technology and IT, Billrothgasse 18a,
8010 Graz, Austria. E-mail: Sai.Veeranki @kages.at.

‘@ The CrossMark symbol notifies online readers when updates have been made to the

article such as errata or minor corrections

0091-6749

© 2025 The Authors. Published by Elsevier Inc. on behalf of the American Academy of
Allergy, Asthma & Immunology. This is an open access article under the CC BY li-
cense (http://creativecommons.org/licenses/by/4.0/).

https://doi.org/10.1016/j.jaci.2025.10.022

Graz, Austria; and Munich and Freiburg, Germany

profiles. Genetic disorder prediction achieved 73% overall
accuracy, 70% for the correct monogenic IEI, and 93% within
the top 3 predictions; classification reached 43% for IEI-
International Union of Immunological Society categories and
59% for 12 “cardinal” IEls (25 genes).

Conclusions: Random forest feature importance analysis can
inform targeted clinical screening for key disease
manifestations. The top 3 prediction approach demonstrates
diagnostic potential, but improved accuracy will require larger,
globally shared datasets. Small sample sizes for rare diseases
highlight the necessity of broader collaboration to enhance Al-
assisted clinical decision-making in the future. (J Allergy Clin
Immunol 2026;157:470-85.)

Key words: Inborn error of immunity (IEI), primary immunodefi-
ciency (PID), primary immune regulatory disorder (PIRD), pheno-
type-driven disease classification, interoperable patient data,
immune deficiency and dysregulation activity (IDDA) score, artifi-
cial intelligence (Al), unsupervised and supervised machine learning
(ML), primary immune disorder (PID)

Inborn errors of immunity (IEIs) may present with infection,
autoimmunity, autoinflammation, allergy, and malignancy, and
any of these features may manifest initially or later during their
clinical course.'”’” The degree and type of features of immune dys-
regulation like autoimmune cytopenia, lymphoproliferation, en-
teropathy, among others, depend on the imbalance of effector
and regulatory immune functions caused by the underlying
defect, and they are present in at least a quarter of primary
(PID) or secondary immune disorders.®” Nevertheless, even in
“diseases of immune dysregulation,” listed in table 4 of the Inter-
national Union of Immunological Societies’ classification of
IEIs,” including monogenic primary immune regulatory disor-
ders, there is rarely a clear genotype—phenotype correlation that
reliably defines the type and severity of features of immune dys-
regulation to be expected in a patient.'”"'? The phenomenon of
highly varying extent, and timing of the onset of immune dysre-
gulation in IEI/PID may be due to incomplete penetrance,'” un-
timely infectious triggers, or other genetic or epigenetic
cofactors. It may lead to mortality or substantial morbidity in
one individual while seemingly unaffected, asymptomatic sib-
lings or parents carrying the same pathogenic variant are present.
It makes it difficult for clinicians to predict outcomes or to decide
on adequate diagnostic tests and the intensity and timing of (defin-
itive) treatments. Furthermore, the evaluation of responses to
treatment measures in immune dysregulation may be complicated
by varying organ involvement and their potentially different
sensitivity to treatment.
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Abbreviations used
AL Artificial intelligence
ALPS: Autoimmune lymphoproliferative syndrome type 1
APDS: Activated PI3-kinase delta syndrome
AT: Ataxia-telangiectasia
BTK: Bruton tyrosine kinase
CTLA-4: Cytotoxic T lymphocyte—associated protein 4
CVID: Common variable immunodeficiency
DGS: DiGeorge syndrome (aka 22q11.2 deletion syndrome)
ESID: European Society for Inmunodeficiencies
HIES: Hyper-IgE syndrome
ICU: Intensive care unit
IDDAZ2.1: Immune deficiency and dysregulation activity v2.1
IEL: Inborn error of immunity
IGRT: Immunoglobulin replacement therapy
IUIS: International Union of Immunological Societies
LIME: Local interpretable model-agnostic explanations
LRBA: LPS-responsive and beige-like anchor protein
MDI: Mean decrease in impurity
ML: Machine learning
NBS: Nijmegen breakage syndrome
NFKB1/2: Nuclear factor—kappa beta subunit 1/2
PID: Primary immune disorder
RF: Random forest
UMAP: Uniform manifold approximation and projection

To address the challenge of a qualitative and quantitative
assessment of organ involvement, disease burden, and responses
to therapy in patients with deficiency of lipopolysaccharide-
responsive beige-like anchor protein (LRBA deficiency), we
developed the immune deficiency and dysregulation activity
(IDDA) score.'* The original intention of using this score was
to document, in a simple fashion, by grading, from 0 to 4, the
severity of noninfectious involvement of every organ then known
to be possibly affected in LRBA deficiency, thereby taking a snap-
shot of the degree of immune dysregulation. Additionally, other
quantitative factors, such as performance scales and intensive
care unit (ICU) or general hospital stays (in percentages), and
the need for supportive care, were documented in a semiquantita-
tive way. These were used together with organ grading to generate
a numerical output that could be applied to compare a patient’s
disease burden cross-sectionally with others as well as to monitor
the same patient longitudinally over various phases of the disease
and treatment.'* Recently it has been shown that the immune defi-
ciency and dysregulation activity v2.1 (IDDA2.1) score was
markedly reduced after successful hematopoietic stem cell trans-
plantation in patients with cytotoxic T lymphocyte—associated
protein 4 (CTLA-4) haploinsufficiency. Moreover, low pretrans-
plantation IDDA scores correlated significantly with higher over-
all and disease-free survival probabilities.'> In addition to the
calculated numerical (total) IDDA score itself that represents a
one-dimensional quantitative measure, documenting the multi-
parametric score in individual patients repeatedly over time al-
lowed us to compare treatment responses of each organ
manifestation individually (eg, before-and-after grading per
organ), creating an immune dysregulation—based phenotype pro-
file of the disease state."* Furthermore, to be able to apply
the IDDA score to other IEI/PIDs with immune dysregulation
more generally, an amended version IDDA2.1 that included
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hemophagocytosis as additional possible phenotypic feature, a
slightly clarified wording of definitions, and an improved calcula-
tion formula, putting less weight on performance scales than
before, was designed.'® The application of the IDDA2.1 version
to evaluate the organ involvement of a variety of IEI/PID with im-
mune dysregulation allowed phenotype profiling, then termed
kaleidoscope scoring because of the disease-characteristic pat-
terns of spider web plots generated from the data.'® However,
the limitation of that approach was that at that time, only cumula-
tive qualitative (aggregate) data of organ involvement probabili-
ties were available from published patient series and reviews of
18 selected diseases retrospectively, and the real-life occurrence
of immune dysregulation in IEI/PID and per-patient graded
(quantitative individual) phenotype profiles other than from the
original cohorts of patients with LRBA deficiency or CTLA-4
haploinsufficiency were lacking.

With the recent developments in machine learning (ML), a
foreseen potential application of the IDDA phenotype profile is to
feed it into pattern recognition algorithms in order to learn and
predict the diagnosis of a hitherto undiagnosed patient. Conse-
quently, such an early classification based on similarities of IDDA
phenotype profiles to those of patients with known monogenic
IEI/PID might allow clinicians to plan diagnostic screening tests
and take precautions for expectable, disease-specific involvement
of risk organs (eg, lung in LRBA deficiency'”) as well as early
evaluation of indications for phenotype-targeted treatment.

In line with the rapidly growing use of AI applications in
medicine,'” various approaches have been made in the recent
years to accelerate diagnosis making in IEI/PID from directly in-
terpreting electronic health records by using Al applications like
natural language processing and large language models.'®!
Recently a ML algorithm that learned phenotypic patterns from
electronic health records of patients with common variable immu-
nodeficiency (CVID) to rank the likelihood of undiagnosed pa-
tients for their probability to have CVID was shown to greatly
potentially reduce the diagnostic delay in the majority of
patients.”

We hypothesized that data derived from IEI/PID patient
registries such as the European Society for Immunodeficiencies
(ESID) registry were prestructured and contain expert-specified
qualitative, and in part quantitative, phenotypic details. These
data, together with IDDA?2.1 data, represented a perfect source to
train an Al model to classify and predict IEI/PID diagnoses and
their manifestations. Moreover, using the IDDA score in a large
number of patients in the context with Al applications to analyze
them would enable identifying disease-specific profiles of
patients with IEI/PID and immune dysregulation. To collect
unbiased data from a wide variety of diagnosed IEI/PID with
immune dysregulation and validate the IDDA2.1 phenotype
profile and score on a maximum number of patients, we launched
an ESID registry study in April 2022. We aimed to test the utility
of real-word IDDAZ2.1 parameter profiles of patients with any IEI/
PID with immune dysregulation using datasets of partly genet-
ically diagnosed patients for ML-based disease classification.
Additionally, the association of IDDA2.1 score with the pheno-
type as well as the contribution of other documented features were
evaluated. Furthermore, dimensionality reduction was performed
to project the high-dimensional data into a low-dimensional
space, thereby positioning similar patients in close proximity,
enabling the identification of intrinsic patterns and clusters.
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METHODS
Patients

The patient data were acquired by retrospective chart review
from prospective monitoring via the optional ESID level 2
registry “IDDA Score Module” (see Fig E1 in this article’s Online
Repository available at www.jacionline.org) from 84 partici-
pating centers across Europe and neighboring countries between
April 2022 and November 2024. The end date chosen for data in-
clusion was November 9, 2024. Kindle et al’ provide further de-
tails of the ESID registry. Any patient with features of immune
dysregulation could be included, without restriction regarding
IEI diagnosis or International Union of Immunological Society
(IUIS) category, except if prior definitive treatment such as he-
matopoietic stem cell transplantation or gene therapy had been
provided. There were no further explanations for IDDA scoring
other than that shown in the registry module (Fig E1). Simulta-
neously, any immune-modifying treatment provided during the
last 3 months was captured qualitatively. A yearly follow-up
was expected for patient data entries in the ESID registry, but
an unlimited number of additional entries (ie, more frequent
follow-up) was possible. The study protocol, the patient informed
consent template, and the center data transfer agreement with
amendments were approved by the institutional review board
and the data protection officer at the Medical University of Frei-
burg, Germany (Albert-Ludwigs-University). A substantial
amendment was approved by the Medical University of Graz,
Austria, in 2024 (24-334 ex 11/12, IRB00002556).

Data and preprocessing

The original dataset included the 21 parameters of the IDDA2.1
kaleidoscope score and the calculated score (total) including
hospitalization metadata and performance scales. Each data entry
was associated with patient age and sex. Disease labels encom-
passed genetic defects by the abbreviation used in the ESID
registry, the IEI/PID diagnosis names, and IUIS classification
main categories. For some analyses, either the genetic diagnosis
or, if unavailable, the clinical diagnosis was used (labeled “gen-
e_pid”), where an existing genetic diagnosis was prioritized
over a clinical diagnosis—for example, if nuclear factor—kappa
beta subunit 1 (NFKB1) deficiency was prioritized over CVID.
An arbitrary label, cardinal IEI, was introduced in an attempt to
distinguish IEIs with supposedly highly characteristic patterns
of immune dysregulation (12 IEIs or subgroups of biologically
similar IEIs with 25 different underlying genetic defects).

Multiple hierarchies of diseases were used as labels, such as
IUIS tables,” names of IEI/PID, and genetic defects, as well as
cardinal genes and the general appearance of a known genetic
defect. Thus, the final dataset contained 24 features and 6 label
sets. Three subcohorts were chosen to be analyzed: (1) the full da-
taset, (2) all patients at their initial consultations, and (3) initial
consultations without immune-modifying therapy. The first group
contained the first 14 parameters of the IDDA2.1 score. The sec-
ond group contained more general information about immuno-
globulin replacement therapy (IGRT), infections, organ
dysfunctions, and nutrition status. The third group contained
time spent in the hospital (general ward or intensive care unit)
and the Karnofsky or Lansky performance scale scores. Although
the IDDA score parameters for performance scale, hospitaliza-
tion, or ICU stays (percentage of days in the latest observation
period; eg, number of days out of the last 100 days) are helpful
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in the assessment of an individual’s overall disease activity and
burden and for its longitudinal monitoring, these 3 parameters
were found to be rather patient than disease specific, especially
when looking at small patient cohorts like in the present study.
Thus, this group of 3 parameters was omitted from some of the
subanalyses, yielding an 18-parameter set. Furthermore, the
IDDA score itself was introduced as a feature group and demo-
graphic information such as sex and age as the last group. Various
combinations of the feature groups were analyzed (see Table E1
in the Online Repository available at www.jacionline.org).

Each dataset was split into training and testing datasets in a 3:1
ratio, which was based on considerations of classes with small
sample size to ensure that the performance of the classifier models
could be validated with at least one sample for each class. We note
that the datasets had been derived from 84 independent partici-
pating centers, and test datasets were never used for training. Two
approaches were considered for handling small class sizes—that
is, classes with fewer samples than necessary, both (1) excluding
extremely small classes and (2) merging them into a single group.

Classification

The classification experiment, aiming to annotate the correct
class (IEI diagnosis, IEI category, or genetic defect) to a dataset
based on IDDA score phenotype parameters/profiles, was de-
signed as multiclass classification task,” > using classical ML al-
gorithms including elastic net logistic regression,”® support
vector machine,”’” k-nearest neighbor,28 and random forest
(RF).”” The main goal was to compare different classifiers; the
best performance models are presented in the Results. Binary
classification selects one of two classes, multiclass selects one
of many, and multilabel assigns multiple classes to one sample.

Hyperparameter optimization was performed by using a grid
search with 10-fold cross-validation. Given the class imbalance
(substantially varying cohort sizes of groups with rare IEI
diagnoses or genetic defects, complicating the weighting of
results), balanced accuracy was considered for optimization.
For k-nearest neighbor analysis, we optimized the number of
neighbors, weighting method, and distance metric. The support
vector machine was tuned for the regularization parameter (C),
kernel type, degree, and gamma. Logistic regression was adjusted
for penalty type, L1 ratio, solver, and maximum iterations. For
RF, we optimized the number of trees, maximum depth, and min-
imum samples per split, along with the number of features consid-
ered at each split.”” Hyperparameter optimization tunes model
parameters iteratively to achieve the best performance. Cross-
validation is a bootstrapping technique to enable the iterations
for hyperparameter optimization; the actual training data are split
into several portions, and each portion acts as a test set while the
rest of the portions act as training set to determine the perfor-
mance measure (eg, accuracy).

To identify the most influential features (single IDDA score
parameters) associated with each disease class, we used feature
importance analysis by using the RF algorithm in a one-versus-all
multiclass classification setup. The most relevant features across
all diseases were determined by comparing the mean decrease in
impurity (MDI), which measures how much each feature reduced
uncertainty, on average, when used to split data in a decision tree
(the higher, the more relevant) in RF’s “Feature Importance.”
This approach involves training a separate binary classifier for
each class, treating the target class as positive and all others as
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negative. By doing so, we can isolate the contribution of each
feature to the prediction of a specific label (IEI diagnosis, cate-
gory, or gene). RE>*?!*2 with its ensemble of decision trees,
naturally provides a measure of feature importance that is based
on an impurity function that reduces the ambiguity in selecting
the class. This enables a robust estimation of which features are
most critical for distinguishing each class from the rest, offering
valuable insights into class-specific patterns and aiding in the
interpretability of the model’s decisions.””* In addition, patterns
of features with high MDI were compared visually. To interpret
individual predictions, we used the LIME (local interpretable
model-agnostic explanations) technique.”* Feature importance
is a way of measuring which input factors (or features—in our
case, single parameters of the composite IDDA score) have the
strongest influence on the model’s predictions.

We further explored how IDDA score parameter profiles
related across patient groups using a technique called uniform
manifold approximation and projection (UMAP).”> UMAP is
a tool that helps reduce complex data into a simple 2- or
3-dimensional visual format that humans can easily interpret. It
is particularly useful when working with medical data that in-
cludes many different variables because it allows us to visualize
how individual patient profiles relate to each other. A UMAP
web application was deployed to enable health care professionals
to explore clustering and separation patterns of various genetic
defects interactively (see the web application available at
https://esid.org/html-pages/IDDA_AI_SupplFigure3_UMAP_gene_
pid_setup_2.html).

The evaluation of the model performance was performed by
analyzing accuracy, precision, recall, F1 score, balanced accu-
racy, and area under the receiver operating characteristics curve.*
Although the experiments were designed as multiclass classifica-
tion in order to account for discrepancies in predicted probabili-
ties that could lead to misclassification, we additionally
evaluated performance on the basis of whether the true label
was among the classes with top 3 predicted probabilities.”’

Code and graphics

Python’”** and R* programing languages were used to
perform several tasks for this study. Package Pandas, SciPy,”
and ‘numpy’*’ in Python and ‘dplyr’*' in R were used for data
preprocessing. Scikit-learn*” in Python and ‘caret,” ‘randomFor-
est,*? and ‘pROC™** in R were used for applying ML methods
and calculate performance measures. Matplotlib® in Python
and ‘ggplot2’*® in R were used to generate graphics. The R pack-
ages ‘umap’®’ and ‘plotly’*® were used to generate interactive
HTML to play with the UMAP map.

RESULTS
Dataset and patient cohort

We received 1,062 IDDA score data entries for 843 patients.
Patients without diagnostic information (18 datasets) and one
entry with corrupted treatment data were excluded, resulting
in 1,043 valid entries for 825 individual patients, including
138 patients with 219 follow-up entries (Table I). Of those,
725 patients were documented to be untreated at 913 visits. There
was a mild male predominance (457 male vs 368 female partici-
pants), and the median (range) age was 22.7 (0.2-84) years. The
diagnosis distribution of patients with 89 different IEIs recorded
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is listed in Table I. While the large majority of patients had CVID
without a genetic diagnosis, we received many entries of patients
with specific monogenic IEIs, such as activated PI3-kinase delta
syndrome (APDS) types 1 and type 2, DiGeorge syndrome
(DGS, aka 22ql1.2 deletion syndrome), ataxia-telangiectasia
(AT), Bruton tyrosine kinase (BTK) deficiency, CTLA-4 haploin-
sufficiency, or autoimmune lymphoproliferative syndrome type 1
(ALPS; Table I), among others.

Clinical (human) phenotype profiling

We first calculated the means of available IDDA scores per
parameter per disease and plotted 18 of 21 parameters separately
for untreated subjects and for patients receiving immune-
modifying therapy. We omitted the parameters for performance
scales and ICU/hospitalization frequencies from these and
clustering analyses because we noted that in the small patient
subcohorts available (mostly <10-30 individuals), single patients
with prolonged hospital stays or poor performance scales sub-
stantially skewed the dataset. A selection of IDDA2.1 kaleido-
scope phenotype profiles recorded in this study is shown in Fig 1.
Resembling physicians’ clinical pattern recognition, diseases
with biological similarity showed highly similar phenotype pro-
files (eg, CTLA-4 haploinsufficiency and LRBA deficiency; Fig
1, A and B), whereas they differed markedly from patients with
ALPS, DGS, hyper-IgE syndromes (HIESs), or APDS (Fig 1,
C-F). We separately analyzed patients receiving immune-
modifying therapy (eg, mycophenolate mofetil, sirolimus, lenio-
lisib), expecting ameliorated or unspecific phenotype profiles due
to treatment. Although only a small number of datasets was avail-
able, patients receiving therapy were documented as having more
pronounced IDDA scores (increased values were higher than in
untreated patients, and some of the low values were lower; Fig
1, right), suggesting possible biases.

ML-based phenotype profiling

To assess the relative relevance of the 21 individual IDDA
parameters and the calculated IDDA score, we evaluated the
feature importance of the RF algorithm. Furthermore, we
compared the performances of 4 supervised learning algorithms
based on different subsets of features: the first 14 parameters
(p14), all 21 parameters (p21), the parameters without perfor-
mance scales and ICU and hospital stays (pl8), and their
combinations with the inclusion of the calculated IDDA score
(+score) and demographic information (+demo; see Table E1).
When the IDDA scores of patients with CVID were compared
to those of patients with any other clinically or genetically defined
IEI/PID, age and IGRT score stood out as most relevant features
to discriminate CVID from the rest of the diagnoses, followed by
the calculated IDDA score total (parameters “age,” “idda_
score”; “ig_score”; Fig 2, A, left and right), whereas most other
features were relatively unspecific for CVID. When only 18
IDDA parameters were chosen as input, IGRT—that is, whether
a patient received IGRT or not—was identified to yield the highest
MDI and thus was the most distinctive feature of CVID compared
to other diagnoses (Fig 2, A, right; 18 IDDA parameters). Fig 2, B-
G, shows the IDDA feature importance plots of exemplary IEI/
PID with immune dysregulation. Although derived from rela-
tively small patient subcohorts and calculated with Al, they
largely confirm the distinctive pattern of manifestations specific
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TABLE |. Patient cohort and diagnosis distribution of IEI/PID
patients with features of immune dysregulation with IDDA

score data registry entries

Characteristic Untreated Total
Individual patients 725 825
Sex distribution (female) 330 368
Age (years), median (range) 23.5(0.2-84.2) 22.7 (0.2-84.2)
All patient visits (including follow-up) 913 1043
IEI disease entities total (>10 per 83 (17) 89 (24)
disease)
IUIS category*
Primary antibody deficiencies 350 375
CID with associated or syndromic 124 134
features
Diseases of immune dysregulation 64 92
Combined immunodeficiencies 71 84
Phagocytic disorders 50 62
Autoinflammatory disorders 21 31
Complement deficiencies 26 28
Defects in innate immunity 17 17
Bone marrow failure 2 2
IEI diagnoses with >5 patients*
CVID 182 196
APDS 30 37
DGS 34 36
HIES 33 35
Agammaglobulinemia 30 35
CID 27 31
CGD 22 30
Unclassified antibody deficiency 27 27
ATM 26 27
IgG subclass deficiency 26 26
Early-onset multiorgan 18 26
autoimmunity
IgA deficiency 24 24
Severe CID 19 22
ALPS 14 18
Congenital neutropenia 14 14
NBS1 7 10
CSR/HIGM (hyper-IgM) 8 10
CMC 9 9
FEMF 7 9
Other autoinflammatory (known 7 9
gene)
NFKBI1 deficiency 8 8
APECED 5 7
FHLH 5 7
HAE (ClInh) 7 7
LRBA deficiency 4 7
C2 deficiency 6 6
IgA with IgG subclass deficiency 6 6
WAS 5 6
TLR/NF-«B 6 6
XLP 5 6
Netherton syndrome 4 5
Complement ID, unclassified 5 5
Type 1 interferonopathies 2 5
MSMD 2 5
Genetic defects with >5 patients*
Del 22q11.2 33 34
PIK3CD (PI3K-delta) 23 27
ATM 26 27
BTK 23 26
CTLA-4 9 15

(Continued)
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TABLE I. (Continued)

Characteristic

Untreated Total

ALPS-FAS 13 15
TACI 12 13
GP91-phox (CYBB) 9 13
PIK3RI 10
STAT3-LOF 1 10
NBS1

STAT3-DN

DOCKS

MEFV

NFKBI

WAS

AIRE

STAT3-GOF

LRBA

DCLREIC (Artemis)
C2

RAGI

STATI

IKBKB

RAG2

p47-phox (NCFI)

-

[V O, B i SN N e N Y, B, B e LN Be SREN-TEN B e
[V NV, B, BV, e Ne NEN I N BN BN e BN JiNe i)

Data are shown as numbers unless otherwise indicated. Data were collected from April
2022 to November 2024 by participants of ESID registry (physicians and
documentarists) in 84 centers across Europe and neighboring countries. Patients who
had undergone prior definitive therapy were excluded. Untreated refers to immune-
modifying (eg, immunosuppressive and anti-inflammatory) treatment, excluding
immunoglobulin replacement or anti-infective therapy, within last 3 months.

AIRE, Autoimmune regulator; APECED, autoimmune polyendocrinopathy candidiasis
ectodermal dystrophy; ATM, ataxia-telangiectasia mutated; CGD, chronic
granulomatous disease; CID, combined immunodeficiency disease; CMC, chronic
mucocutaneous candidiasis; CSRZHIGM, class-switch recombination/hyper-IgM;
CYBB, cytochrome b subunit beta; DN, double negative; DOCKS, dedicator of
cytokinesis protein 8; FAS, FAS receptor; FHLH, familial hemophagocytic
lymphohistiocytosis; FMF, familial Mediterranean fever; GOF, gain of function; HAE
(CIINH), hereditary angioedema with impaired C1 inhibitor; /KBKB, inhibitor of
nuclear factor kappa B kinase subunit beta; LOS, loss of function; MEFV, mutations in
Mediterranean fever; MSMD, Mendelian susceptibility to mycobacterial disease;
NCF1, neutrophil cytosolic factor 1; PIK3CD, phosphatidylinositol-4,5-bisphosphate
3-kinase catalytic subunit delta; PIK3R1, phosphatidylinositol 3-kinase phosphorylate;
RAG1/2, recombinase activating gene 1/2; STAT1/2, signal transducer and activator of
transcription 1/2; TACI, transmembrane activator and CAML interactor; TLR/NF-kB,
Toll-like receptor/nuclear factor kappa-light-chain enhancer of activated B cells; WAS,
Wiskott-Aldrich syndrome; XLP, X-linked lymphoproliferative disease.

*Numbers are for individual patients, not their sum of patient visits.

each IEI/PID applied by human intelligence. This calculation was
performed for each of the diagnoses against the others (one vs the
rest; see Fig E2 in the Online Repository available at www.
jacionline.org), and including or omitting treated patients did
not make a difference (data not shown). To verify the results of
RF-based feature importance calculations and interpret individual
predictions, we performed the LIME technique in selected cases,
which overall well conformed with the ranking of detected feature
importance (Fig E2, B). When we performed IDDA feature
importance analyses across all patients with clinically or geneti-
cally defined diagnoses, or across the 9 present IUIS categories
of IEI/PID in our entire dataset, the IDDA score total was the
most distinctive feature after age (Fig 3). Here, the MDI measures
how much each feature reduced uncertainty on average when used
to split data via a decision tree, whereas the error bars represent
the standard deviation of the MDI values across cross-
validation folds during a grid search. We note that the model’s
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FIG 1. Phenotype profiles based on IDDA score parameters of IEI/PID patients with immune dysregulation.
Plots visualize pattern recognition by human intelligence taking place at patient visits, where organ
involvement and disease burden are semiquantitatively scored. Abbreviated IDDA score parameters are as
outlined in Table E1. Subset of patients was analyzed after or with ongoing immune-modifying therapy
within last 3 months (“treated,” right). IDDA means per parameter of small patient subcohorts are shown
on y-axis for CTLA-4 haploinsufficiency (A), LRBA deficiency (B), ALPS (C), DGS (D), HIESs due to DOCK8
or STAT3 mutations (E), and APDS types 1 and 2 (F). DOCK8, Dedicator of cytokinesis protein 8; STAT3,
signal transducer and activator of transcription 3. Designed with GraphPad Prism v10.4 (GraphPad Soft-
ware, La Jolla, Calif).
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Feature importance analyses of IDDA score parameters in various clinically or genetically defined IEI/

PID. Bar diagrams show importance of graded IDDA score disease manifestations for defining specific IEl/
PID diagnoses as calculated by RF, as described in Methods section. Abbreviations of IDDA parameters are
defined in Table E1 and are listed in alphabetical order. (A) Importance of entire set of 21 IDDA score param-
eters and age, sex, and calculated score sum (“idda_score”; in alphabetical order on x-axis) at left, and
reduced 18-parameter set only at right. (B-G) Exemplary feature importances of IDDA scores in patients
with different clinically or genetically defined IEI/PID. Entire set of analyses is shown in Fig E2.
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performance remained almost identical when the IDDA score to-
tal was omitted, thus corroborating the balance of the score calcu-
lation with respect to the weighting of individual phenotypic
parameters (Fig 3, C). Thus, when included in the data input,
the IDDA score total was always among the top features without
strongly affecting the order of the following features, thereby sup-
porting its potential diagnosis-stratifying power (Fig 3 and Fig
E2). To address the inherent phenotypical heterogeneity within
the CVID patient cohort, we restricted our ML analyses that
aimed to predict monogenic IEIs to only include genetically
defined CVID cases (eg, due to variants in TACI, NFKB2,
ICOS, CD19, or IRF2BP2), while clinically diagnosed CVID pa-
tients were excluded from these specific tasks. In RF feature
importance analysis and UMAP, both genetically and clinically
diagnosed CVID cases were included because our goal was to
explore broader phenotypic relationships among IEI/PID patients
rather than predict monogenic diagnoses.

IDDA score-based diagnosis prediction approaches

On the basis of the distinctive phenotype profiles and feature
importances of the collected IDDA datasets from IEI/PID
patients, we next sought to classify their diagnoses by using
unsupervised learning approaches. We performed UMAP to
identify clusters of patients’ IDDA score (18 parameters) datasets
and labeled them according to their genetic or clinical diagnosis
(“gene_pid”). All these analyses were conducted using only a few
selected, genetically defined disease subsets to facilitate cluster
detection, except in a few instances where CVID datasets were
included to explore whether clustering could still be observed
despite their anticipated heterogeneity. Fig 4, A, shows UMAP
plots for ALPS and HIES patients at their first visit, without docu-
mented immune-modifying therapy in the last 3 months (“first
visit, untreated”), where a larger number of datasets was plotted
for the same comparison (ALPS vs HIES) when data from all their
visits, including treated patients, were plotted (Fig 4, B). We per-
formed the same analysis to compare CTLA-4 haploinsufficiency,
LRBA deficiency, and DGS (Fig 4, C), agammaglobulinemia,
BTK deficiency, DGS, and APDS types 1 and 2 (Fig 4, D), AT
and Nijmegen breakage syndrome (NBS) with agammaglobulin-
emia and BTK deficiency (Fig 4, E), and AT, NBS, HIES, and
various phagocytic disorders (Fig 4, F). When we included
CVID, we found, as expected, that patients with CVID (at 210
visits of 196 patients) did not show one specific cluster but
were dispersed over a few subclusters and overlapped in part
with more distinct clusters of patients with NFKB1 or -2 defi-
ciencies, with AT and NBS, or with BTK deficiency, agamma-
globulinemia, DGS, or APDS types 1 and 2 (Fig 4, G and H).
These data show that registry-derived IDDA score datasets of pa-
tients with immune dysregulation allow us, at least to some de-
gree, to classify a diagnosis with ML assistance based on
structured and semiquantitatively graded phenotypic criteria. To
provide the entire dataset and permit selection or deselection of
any IEI/PID for clustering on the basis of IDDA scores, we
created an interactive figure with all patients’ IDDA scores in a
comprehensive UMAP plot, which is available in the web appli-
cation in the Online Repository.

The ultimate goal of this study was to learn about phenotype
profiles from partially genetically defined IEI/PID and train
models to predict the diagnosis of undiagnosed patients, or to
identify missing and expectable phenotypic features in diagnosed

J ALLERGY CLIN IMMUNOL
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patients. We therefore compared the performance of supervised
learning algorithms for different hierarchies (level of disease
classification) of a disease from more general (IUIS categories) to
very specific (monogenetic IEIs) and created a label for a
preselected group of characteristic IEIs, or cardinal IEI/PID.
The balanced accuracy for the prediction of a class was 44% for
the IUIS categories, 73% for monogenetic defects, 78% for any
underlying monogenic disorder, 57% for the cardinal IEI/PID,
and 40% for the combined genetic defects and nongenetically
diagnosed IEI/PID (Table II). As a clinical approach to increase
the prediction accuracy while still reducing the number of likely
differential diagnoses, we tested a top 3 prediction, where the 3
most likely classes (diseases) were proposed as possible candi-
dates when diagnosing a patient’s disease. We observed a top 3
accuracy of 86% for the IUIS categories, up to 93% for monoge-
netic defects, 87% for the cardinal IEI/PID, and 81% for com-
bined genetic defects and nongenetically diagnosed IEI/PID
(Table II). After performing different cross-validation ap-
proaches, we observed a higher accuracy for a higher number
of cross-validation folds (ratio of training vs test datasets) when
a minimum number of 10 patients was required (93% top 3 accu-
racy, 8 diseases predicted) compared to lower folds when at least
4 patients were included (62% top 3 accuracy, 34 diseases
predicted; Table II).

DISCUSSION

To our knowledge, this is the first ESID registry substudy to
apply supervised and unsupervised ML for disease classification in
IEI/PID. The 21 graded parameters of the IDDA2.1 score—
reflecting organ involvement and disease activity with a focus on
immune dysregulation—served as semiquantitative prestructured
input measures for ML. Although patient numbers were small in
most disease subcohorts, >1,000 unbiased entries of IDDA2.1
scores from physicians and documentarists in 84 centers across
Europe were sufficient to demonstrate proof of principle that a
small subset of patient phenotype registry data can effectively
predict IEI diagnoses, genetic underpinnings, and expected disease
manifestations. In contrast to approaches where data from
electronic health records were extracted and then shown to be
able to predict the probability of rare diseases like an IEI/PID in
general or of CVID or APDS specifically,””*"* we here demon-
strate the possibility of clustering different IEI/PID according to
their phenotype profiles, thus opening new avenues for using a
rare-disease patient registry as a clinical management tool in the
future.

Limitations and challenges

Data size. Despite international collaboration, working with
rare immunodeficiencies inevitably involves small sample sizes.
This limits prediction accuracy, leads to lower stability of ML,
increased risk of overfitting, and lower reliability of the test series
used to validate the algorithms; they can be highly sensitive to
noise and outliers in the data. The appropriate choice of the
number of cross-validation folds as well as clinically relevant
pretests and the formation of super groups play an important role.
Furthermore, an exchange with other disciplines that work with
small samples, such as neuroscience (brain imaging studies),” ? as-
trophysics (rare cosmic events or phenomena),”* forensics (evi-
dence analysis with limited case data),55 and materials science
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FIG 3. IDDA feature importances (Fl) ranked by MDI. Fl across all patients with clinically or genetically
defined diagnoses (left), or across 9 present IUIS categories of IEI/PID (right). Calculated IDDA score total
was most distinctive feature after age, shown for parameter groups of 21 parameters + score (A), 18
parameters + score (B), or 18 parameters without score (C). Abbreviations of IDDA parameters are defined

in Table E1.

(new or rare materials with limited test series),”® can provide
ideas on the use of nonstandard methods and might promote the
development of new ML methods.

Human bias. Clinical grading scales introduce subjectivity,
with assessments varying across physicians. Moreover, the
availability of genetic diagnoses depends on current research

and diagnostic access. Missing data may reflect diagnostic
limitations rather than the absence of genetic defects. Thus, ML
models must be interpreted with caution, particularly regarding
monogenic disease attribution.

Label ambiguity. Longitudinal data raise challenges in
distinguishing new disease manifestations from evolving
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FIG 4. UMAP plots with clusters of IDDA score profiles of patients with selected IEI/PID. (A and B) IDDA score
profile clusters of patients with ALPS or HIES (STAT3 is short for STAT3-LOF); patient visit numbers are
shown in parentheses for untreated patients at their first visits (A) or for all patients and all visits (B).
(C-H) UMAP plots for all patients and all their visits, and various selected disease combinations of patients
with AT, agammaglobulinemia, BTK deficiency, APDS types 1 and 2, DGS, CTLA-4 haploinsufficiency, LRBA
deficiency, congenital neutropenia, chronic granulomatous disease, Nijmegen breakage syndrome, NFKB1
or NFKB2 deficiency, and CVID, as indicated. Web application in Online Repository is interactive UMAP plot
where all patient data are provided; data may be selected or deselected to enable testing any combination.
STAT3-LOF, Signal transducer and activator of transcription 3 loss of function.
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TABLE Il. Accuracy of diagnosis prediction solely based on IDDA parameters

No. of classes in No. of patients

Minimum patients

No. of classes Balanced with top 1

Prediction cohort [train | test]* per class predicted accuracy Top 3 accuracy
Genetic defect 114 412 [309 | 103] 10 8 69.7 93.2

4 34 21.8 62.1
IUIS category 9 723 [542 | 181] 10 8 43.5 85.6
Gene or IEI/PID 137 725 [543 | 182] 10 12 40.1 81.3
Cardinal IET (25 12 168 [180 | 61] 6 11 594 86.9

genes)

*Number reflects only first visits of patients. Balanced accuracy is average of recall (sensitivity) across all classes.

presentations of the same disease. Additionally, treatment timing
and response significantly affect observed severity, which may
confound model training if not properly accounted for.

Methodologic constraints. Because the number of classes
to be predicted varies depending on the number of folds selected
for cross-validation, the accuracy changes. Fewer folds mean that
classes with fewer patients can be included in the prediction, but
this also means that less training data are available per class and
the prediction may be less accurate. Because the ESID-IDDA
database contains a number of classes with sample sizes that do
not meet the cross-validation criterion (with fewer patients than
the number of folds), these classes must either be neglected or
combined into a supergroup, or a joint, nonspecific group. Such a
supergroup combination introduces an arbitrary group of diseases
without a specific relationship that could be included in the
training. In this case, unknown patients would either be specif-
ically predicted into the classes with the required minimum
number of patients or into the nonspecific supergroup. In the
latter, no pretest (other than an assumption of monogenetic IEIs)
would be required.

Model optimization. The logistic regression model did not
consistently converge, suggesting that further refinement in
transforming discrete features could enhance its performance.
While the study utilized selected supervised and unsupervised
learning techniques for prediction and clustering, there remains
potential to explore a broader range of methods. Additionally,
future research could benefit from incorporating more clinical
measures; this study primarily focused on already established
parameters. Given that the parameters graded from O to IV are
ordinal, using the median may provide a more accurate represen-
tation of phenotype profiles. The prediction accuracy may be
improved by analyzing the confusion matrices of each model to
find out which classes are predicted to be better or worse,
especially with regard to the top 3 approach.

Outlook. Similarities in phenotypes are likely to be due to
similar or identical activated pathophysiologic and metabolic
pathways. These promise the possibility of a new, additional label
on which ML could be trained. Furthermore, information about
the expression of genetic defects or of other -omics data (eg,
proteomics, transcriptomics) could be added to the dataset and
helpful for improved accuracy in predictions by ML. Moreover,
for further projects such as prediction of treatment response, clear
information on the clinical presentation before the start of
treatment, time of treatment start, and change in clinical presen-
tation during follow-up is essential. Ultimately, in patients who
lack a genetic diagnosis, IDDA-based clustering could support
phenotype-targeted treatment decisions or clinical trial enroll-
ment in the future.

In order to improve the evaluation of the response to a
therapeutic intervention, an updated IDDA2.2 version was
made in July 2024 with slight modifications of the definitions in
the grading of the parameters (see Table E2 in the Online Repos-
itory available at www.jacionline.org). Accordingly, a parameter
can be rated with a lower grade (2°) if there is a response to contin-
uous treatment while still receiving treatment. This IDDA2.2
score is already being used in an ongoing large follow-up study
of the Inborn Errors Working Party of the European Society for
Blood and Marrow Transplantation after Fox et al’’ detected a
significant association of low pretransplant IDDA scores with
poor outcomes in adolescents and adults with IEI/PID. In addi-
tion, to also be applicable to interventional (drug) trials, another
version with a slightly extended grading definition was developed
(IDDA2.2CT; Table E1). Subsequently, Al-assisted extraction of
IDDA score information from electronic health records could be
analyzed on the basis of results from these studies and could learn
continuously, thereby improving its potential future application as
a clinical guidance tool.

Conclusion

In this study, we aimed to strengthen the evidence supporting
the clinical parameters used in the IDDA2.1 score to identify the
type and severity of IEI. We hypothesized that registry data
derived from IEI/PID patients, particularly the structured and
semiquantitative IDDA2.1 data, represent an ideal foundation for
training Al models to classity IEI/PID diagnoses and predict their
clinical manifestations. While current predictions substantially
outperform random chance, achieving consistent and reliable
performance will require larger patient datasets. The top 3
prediction approach demonstrates promising clinical applica-
bility, but it still needs refinement in terms of sensitivity and
specificity for different medical contexts. As with many rare
diseases, small sample sizes inherently limit model robustness.

Feature importance analysis further suggests a potential
hierarchy of clinical parameters, offering guidance on which
features may be most critical for diagnosis and follow-up. These
insights may inform the development of a future IDDA3.0 score,
potentially incorporating additional easily accessible clinical
variables. Dimensionality reduction techniques such as UMAP
proved effective for visualizing high-dimensional data, clustering
phenotypically similar patients, and revealing intrinsic patterns.
This visualization approach, alongside phenotype profiling tools
like kaleidoscope or pipe plots, enhances interpretability for
clinicians and supports decision-making in diagnosis, treatment
selection, and response evaluation—even without the need for
statistical expertise. Future studies could include follow-up
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patient groups and integrate treatment data to explore the
feasibility of predicting disease progression and therapy response
using the IDDA score framework.
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Key messages

e ML approaches using IEI/PID patient phenotype data
derived from an ESID registry study can predict IEI diag-

noses, genetic underpinnings, and expectable features.

e Proof of principle is provided of the use of rare-disease
patient registry data as an Al-assisted clinical guidance
tool in the future.
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